Abstract-T-wave alternans (TWA) is a cardiac phenomenon that appears in the electrocardiogram (ECG) and is associated with the mechanisms leading to sudden cardiac death (SCD). In this study, we propose the use of a multilead TWA analysis scheme that combines the Laplacian likelihood ratio (LLR) method and periodic component analysis (pCA), an eigenvalue decomposition technique whose aim is to extract the most periodic sources of the signal. The proposed scheme is evaluated in different scenarios-from synthetic signals to stress test ECGs-and is compared to other reported schemes based on the LLR method. Results demonstrate that the pCA-based scheme provides a superior ability to detect TWA than previously reported schemes, and has the potential to improve the prognostic value of testing for TWA.
INTRODUCTION
T-wave alternans (TWA) is a phenomenon appearing in the electrocardiogram (ECG) as a consistent fluctuation in the morphology of the ventricular repolarization on an every-other-beat basis, and is currently regarded as a promising index of susceptibility to sudden cardiac death (SCD). 19, 23 TWA has been shown to reflect the presence of abnormal repolarization and electrophysiologic inhomogeneities that underlie vulnerability to ventricular fibrillation. 19 Measurement of TWA during controlled heart rate elevation is considered as a potentially useful predictor of ventricular arrhythmic events and mortality in patients with ischemic cardiomyopathy, 3 and its role in identification of patients that would benefit ICD implantation is being currently studied. 6 TWA amplitudes are in the range of microvolts, and can be even below the noise level, making the detection of TWA a difficult task. Several methods exist to automatically detect and estimate TWA. 12 Two commercially available techniques are the spectral method (SM) 23, 26 and the modified moving average method 22 ; alternative techniques are the complex demodulation method 20 and the Laplacian likelihood ratio method (LLR). 11, 13 A major limitation of these methods is their poor sensitivity to low-amplitude alternans 12, 19 due to a lack of robustness to noise. With SM, for example, a noise level ‡ 2 lV in a predefined spectral band can lead to an indeterminate TWA test. 2 Existing methods are mostly applied to each ECG lead individually; only basic multilead strategies, such as analyzing the vector-magnitude lead, are applied in commercial systems (CH2000 and Heartwave systems, Cambridge Heart Inc, Bedford, MA). In a previous work, 16 we presented a multilead scheme based on principal component analysis (PCA) that improved the estimation and detection performance of SM and LLR single-lead techniques. This improvement, however, was limited by the fact that PCA uses a maximumvariance criterion to separate signal and noise into orthogonal subspaces, which may not be the best way of differentiating between the constituent sources of an ECG signal, particularly if they are not orthogonal. 4 In this study, we present a new multilead scheme based on periodic component analysis (pCA), a technique that was first proposed in Saul and Allen 25 and later applied to ECG signals in Sameni et al. 24 With this technique, the variance criterion of PCA is replaced by a periodical structure criterion to separate TWA from non-alternant components, which is a more reasonable assumption from a physiological point of view because periodicity is the defining characteristic of TWA. In this study, two multilead schemes, one based on pCA and the other based on PCA, are combined with the LLR method, and are compared to a conventional single-lead approach, in which each ECG lead is analyzed independently. Results on simulated signals with different types of noise, real signals with added TWA, and stress test signals, show that the pCA-based scheme provides the best detection power and has the potential to improve the prognostic value of TWA tests.
METHODS FOR TWA ANALYSIS
Three different approaches are compared: a multilead scheme based on pCA (multi-pCA), a multilead scheme based on PCA (multi-PCA), 16 and a single-lead scheme (single).
General Multilead Scheme
Both multi-PCA and multi-pCA approaches follow a general scheme that consists of five stages: signal preprocessing, signal transformation, TWA detection, signal reconstruction, and TWA estimation (Fig. 1) . The difference between multi-PCA and multi-pCA is the way in which the transformation matrix is obtained.
Signal Preprocessing
QRS positions are determined using a wavelet-based algorithm. 10 Baseline wander is removed with a cubic splines interpolation technique.
14 The frequency content of TWA is located below 15 Hz, 21 so the ECG signal can be low-pass filtered and downsampled to a new sampling frequency F s ‡ 30 Hz to remove offband noise. In this study, signals with sampling frequencies of 1 kHz and 500 Hz are decimated by a factor of 32 and 16, respectively, obtaining a F s = 31.25 Hz. In the case of 12-lead ECGs, only the eight independent leads (V1-V6, I, II) are considered. Figure 2a shows an example of a real signal where TWA of 200 lV was artificially added. This signal belongs to the dataset described in section ''Real Signals with Added TWA''.
In each beat, an interval of 350 ms-or the closest value corresponding to a integer number of samples-is selected for TWA analysis after the end of the QRS (ST-T complex). An interval of 352 ms (11 samples) was selected in this study. Let K be the number of beats in the analysis window, N the number of samples of each ST-T complex, L the number of leads, and x k,l (n) the nth sample in the ST-T complex of the kth beat and the lth lead. Each ST-T complex can be modeled as
where s l (n) is the background ST-T complex, which is periodically repeated in each beat, a l (n) is the alternans waveform, and v k,l (n) is additive random noise. In vector notation, each ST-T complex is denoted as
For each beat k, complexes from all leads are put together into a matrix X k :
The nth column of X k contains the amplitudes of the L leads at a given sample n of the kth beat. A data matrix X is then constructed by concatenating the X k ,
and finally a matrix X ðmÞ is constructed as
that can be interpreted as the equivalent of X; but obtained after sliding the analysis window m beats forward. 
Signal Transformation
The objective of this stage is to find a linear transformation Y ¼ W T X that improves the signal-to-noise ratio (SNR) of TWA by exploiting spatial and temporal information of the multilead ECG. The leads of the transformed signal Y will be denoted as transformed leads from here on (Tl, l ¼ 1. . .L). First, background ST-T complexes are canceled with a detrending filter that computes the difference between each complex and the previous one:
and the detrended beats x¢ k,l are arranged as in (2) 
Principal Component Analysis
The detrended signal X 0 is a zero-mean random process with a spatial correlation that can be estimated as
To obtain the required transformation, the eigenvector equation for R X 0 is solved:
where K denotes the eigenvalue matrix with the eigenvalues sorted in descending order, and W is the corresponding eigenvector matrix. The matrix W defines an orthonormal transformation, which is applied to the original data X
to obtain the transformed signal, whose lth transformed lead (lth row in Y) contains the lth principal component of X: Figure 2b shows the input signal in (a) after PCA transformation.
Periodic Component Analysis
This technique aims to find the transformation y
k that maximizes the periodic structure of the signal at the TWA frequency, which is 0.5 cycles per beat (cpb), or equivalently at period m = 2 beats. The desired transformation must minimize the following measure of periodicity:
As shown in Sameni et al., 24 Eq. (8) can be rearranged as
where R X 0 is defined in (5) and A X 0 ðmÞ is the spatial correlation of ðX ðmÞ 0 À X 0 Þ; which can be estimated as T6   T5   T3   T2   T1   T4   T7   T8   T6   T5   T3   T2   T1   T4   I   II   V6   V5   V3   V2   V1   V4   8  9  10 The weight w that minimizes (9) is given by the generalized eigenvector corresponding to the smallest generalized eigenvalue of the matrix pair ðA X 0 ðmÞ; R X 0 Þ:
The transformation matrix W is chosen as the generalized eigenvector matrix of ðA X 0 ðmÞ; R X 0 Þ; with the eigenvectors (columns) sorted according to the corresponding eigenvalues in ascending order of magnitude. In this way, the transformation Y ¼ W T X projects the most periodic component into the first row of Y; i.e., TWA, if present, is projected into the first transformed lead. Figure 2c illustrates the input signal in (a) after pCA transformation.
TWA Detection
After signal transformation, TWA detection is performed in the transformed signal Y using the LLR method. 11, 13 This method applies the generalized likelihood ratio test (GLRT) for Laplacian noise to each transformed lead (rows in Y) as follows. A detection statistic Z, which represents an indirect measure of the quotient between alternans and noise power (the alternans-to-noise ratio or ANR), is computed from the data. This statistic Z is compared to a threshold c to decide whether alternans is present (Z ‡ c) or not, and the result of this lead-by-lead detection is denoted as d l = 1 if TWA is present in the lth transformed lead, and d l = 0 otherwise. The overall TWA detection is positive if Z ‡ c at least in one transformed lead ('OR' block in Fig. 1 ), and negative otherwise.
Signal Reconstruction
TWA must be measured in the original leads to be clinically useful. Therefore, a new signal in the original lead set is reconstructed, considering only the transformed leads where TWA was detected. The matrix W is modified by inserting zeros in the columns corresponding to leads without TWA, thus obtaining a matrix W TR ; and then the reconstructed signal is obtained asX
TWA Estimation
The maximum likelihood estimation (MLE) for Laplacian noise is applied to each reconstructed lead l as described in Martı´nez et al. 13 to estimate the TWA waveform,â l ðnÞ: The global amplitude of TWA (V alt ) is finally defined as Single-Lead Scheme
The single-lead scheme handles each lead independently throughout the process. It consists of the same preprocessing, TWA estimation, and TWA detection stages as the multilead scheme, but without the intermediate transformation/reconstruction stages. That is, with the single-lead scheme Y ¼ X ¼X: The stages of the single-lead scheme are shown as bold line in Fig. 1 .
DATA SETS
To compare the analysis schemes in a variety of scenarios, three data sets with increasing degree of realism were analyzed. The first data set was composed of synthetic ECG signals with simulated TWA. In the second data set, known TWA was added to real ECG signals. The third data set contained real stress test ECGs from healthy volunteers and ischemic patients. Both second and third sets were composed of ECG records from a stress test database recorded in the University Hospital Lozano Blesa of Zaragoza (Spain). 1 This database contains 12-lead ECGs recorded during treadmill exercise test following Bruce protocol at 1 kHz sampling rate with an amplitude resolution of 0.6 lV. Records belong to three different groups: 211 patients with a negative clinical and electrical exercise test (non-ischemic group), 66 asymptomatic volunteers from the Spanish Army who underwent the exercise test with negative results for coronary artery disease (volunteer group), and 79 patients with significant stenosis in at least one major coronary artery as shown by coronary angiography (ischemic group).
Also, a publicly available dataset was analyzed to facilitate future reproduction or comparison with the methods presented in this article.
Synthetic Signals
Synthetic 3 Frank lead ECGs were generated using an artificial multilead ECG model which can exhibit realistic TWA. 5 This model generates the cardiac dipole as a sum of Gaussian kernels, and then derives the XYZ orthogonal leads. Natural morphology changes due to inter-beat interval (RR), and respiration are incorporated from varying the Gaussian amplitude and width parameters of the dipole generator. The TWA effect is modeled as a disturbance on the T-loop of the dipole.
Five-minute signals were created with TWA amplitudes ranging from 0 to 136 lV. For a given TWA amplitude, a total of 50 ECG records were generated at a sampling frequency of 500 Hz. Individual records differed in that the underlying ECGs were generated using an stochastic model of heart rate variability (70 ± 5 beats per minute (bpm)). Furthermore, a mixture of noises-electrode motion (em), muscular activity (ma), and baseline wander (bw), obtained from the MIT-BIH Noise Stress Test Database 18 -was added to the signals. For each synthetic ECG signal, two-lead segments of 5 min were extracted from em, ma, and bw records beginning at a random position. These records only contain two leads, so a third lead of spatially correlated noise was computed as the first principal component of the two available leads. Finally, the three noise leads were scaled to obtain an SNR of 20 dB with respect to the ECG, and added to the synthetic signal.
Real Signals with Added TWA
This data set contained real 12-lead ECGs with artificially added TWA. ECG fragments where the presence of TWA was unlikely were selected from all non-ischemic and volunteer records. The TWA phenomenon is partially related to heart rate, and can appear in healthy subjects at fast heart rates. 7, 27 Therefore, only the initial fragment in which the heart rhythm was <100 bpm was selected from each record. These fragments were then divided into segments of 32 consecutive beats, resulting in a total of 1744 ECG segments. Then, TWA was added to ECGs, with amplitudes (V alt ) ranging from 0 to 200 lV. To do this, the LLR method was employed to identify a real 12-lead TWA waveform in an ECG of a patient undergoing a percutaneous coronary intervention, a procedure that can trigger TWA due to the resultant severe ischemia. 13 For each V alt value, the TWA waveform was scaled and repeated with alternating sign to create a 32-beat-long TWA signal, and then the TWA signal was added to the 1744 ECG segments. This process was repeated with two more 12-lead TWA waveforms extracted from two different records of the same database. 13 
Stress Test Signals
The third data set comprised all ECGs from ischemic and volunteer groups of the stress test database. Volunteer records had an average duration of 20 min, and the maximum heart rate over the test was 183 ± 8 bpm (mean ± standard deviation). Ischemic records had an average duration of 16 min, and the maximum heart rate over the test was 134 ± 23 bpm.
Signals from the Physionet TWA Database
The Physionet TWA database is a publicly available resource compiled for the PhysioNet/Computers in Cardiology Challenge 2008. 17 It contains 100 real and synthetic ECG records, sampled at 500 Hz and with an approximate duration of 2 min. The synthetic subset of the database consists of thirty-two 12-lead ECGs containing artificial TWA in calibrated amounts.
RESULTS

Synthetic Signals
Signals were processed with the single-lead and the PCA and pCA multilead schemes using a 32-beat analysis window. Following the terminology of detection theory, probability of false alarm (P FA ) was defined as the ratio between the number of positive TWA detections in signals with V alt = 0 (false detections) and the total number of decisions made in those signals. Probability of detection (P D ) was defined as the ratio between the number of positive TWA detections in signals with a given V alt and the total number of decisions made in those signals. For each scheme, the detection threshold c was set so that the probability of false alarm (P FA ) was 0.01, and the resulting P D was compared. In the range 30 lV £ V alt £ 100 lV, the multi-pCA scheme detected alternans with amplitudes at least 15 lV lower than the single scheme for a given P D (Fig. 3) .
The estimation accuracy of the schemes was also compared. For each simulated amplitude, the mean value and the standard deviation of the estimated amplitude V alt were computed considering only those cases where detection was positive (Fig. 4) . In absence of TWA, TWA was falsely detected in 1% of the cases with a mean estimated amplitude of 142.6 lV (single scheme) and 58.9 lV (multi-pCA scheme). For a simulated amplitude of 136 lV, the bias and standard deviation of the estimation were 0.6 and 18.2 lV, respectively (for single scheme), and 2.7 and 16.0 lV (for multi-pCA scheme).
Real Signals with Added TWA
Real signals were processed in the same way as synthetic signals. For each scheme, the detection threshold c was set so that P FA =0.01, and the resulting P D was compared (Fig. 5) . TWA of 5 lV was detected with a P D = 1% by the single scheme, with a P D = 60% by the multi-PCA scheme, and with a P D = 98% by the multi-pCA scheme. Similar detection differences were found by repeating the analysis with two other TWA waveforms. The triphasic behavior of the multi-PCA P D curve was also found in all cases.
To better understand the effects of PCA and pCA transformations, the evolution of the GLRT statistic Z in the transformed leads vs. TWA amplitude was analyzed for all signals. Figure 6 shows an example where Z is computed on an ECG signal without any transformation (top panel), after PCA transformation (middle panel), or after pCA transformation (bottom panel). In all cases, TWA is detected when Z exceeds the threshold (horizontal black line) in one or more leads. With PCA, TWA was detected for V alt < 5 lV, become undetected for 5 < V alt < 50 lV, and then was detected again in T2 for V alt = 50 lV. With pCA, TWA was detected for V alt ‡ 3.5 lV.
Stress Test Signals
Stress test records were processed with multi-pCA and single schemes. Comparison between multi-PCA and single-lead schemes had already been reported in Monasterio et al. 16 and therefore the multi-PCA scheme was excluded from this study.
From the 12-lead set, only the eight independent leads were processed using a sliding analysis window of 128 beats. This window length was chosen because it is commonly used in commercial equipments. To make a fair comparison of the sensitivity of multi-pCA and single schemes, their specificity was made equal by setting the same P FA = 0.01 for both schemes. To do so, the assumption that no TWA is likely to be found in volunteer records at heart rates below a cut-off value HR c was made. Volunteers' signals were processed, and for each scheme the threshold c was calculated so that it was exceeded only by 1% of the Z values obtained before the heart rate reached the HR c (false detections). Then, all records from both groups were processed with the resulting thresholds.
For each detected TWA episode, three parameters were calculated: the maximum amplitude V max (lV), the duration of the episode, and the onset heart rate HR o (bpm). Average values of amplitude, duration, and onset heart rate were compared between volunteer and ischemic groups with the Mann-Whitney U test, and the percentages of records with TWA of both groups were compared with Fisher's exact test. A p-value < 0.05 was considered significant.
First, HR c = 110 bpm was chosen to set c, and all detected TWA episodes were analyzed ( Table 1 ). The highest sensitivity to TWA was obtained with the multi-pCA, since it detected TWA in more records than the single scheme both in volunteer (43.9 vs. 28.7%) and in ischemic groups (47.1 vs. 28.5%). In volunteers, TWA appeared at a lower heart rate than in ischemic patients with both schemes (126 vs. 109 bpm with the multi-pCA scheme, 121 vs. 105 bpm with the single scheme).
Then, only TWA episodes detected before 110 bpm (first row in Table 2 ) and before 100 bpm (second row in Table 2 ) were analyzed. In both cases, the detection thresholds were recomputed considering cut-off heart rates of HR c = 110 bpm and HR c = 100 bpm, respectively. With the multi-pCA scheme, the percentage of records with TWA was significantly higher in the ischemic group in both cases, whereas this difference was not significant with the single scheme. TWA episodes detected by the two schemes in volunteers had lower amplitude and shorter duration than in the ischemic group, although these differences were not significant.
Signals from the Physionet TWA Database
The 32 synthetic signals from this database were processed with multi-pCA, multi-PCA, and single schemes, using an analysis window of 32 beats and the detection thresholds computed in section ''Real Signals with Added TWA'' under ''Results. '' In the PhysioNet/Computers in Cardiology Challenge 2008, different methods were proposed for TWA analysis. Each method's TWA estimates were used to develop a ranking of the records in order of TWA amplitude, and then the rankings from different methods were compared using the Kendall rank correlation coefficient. Following this approach, we sorted the records according to the TWA amplitude estimated by each scheme and compared each resulting ranking with the correct ranking that is obtained by sorting the records according to its true TWA content. The Kendall rank correlation coefficients between the estimated rankings and the correct ranking were 0.685 for the single scheme, 0.750 for the multi-PCA scheme, and 0.766 for the multi-pCA scheme.
DISCUSSION
The multi-pCA scheme presents the best detection performance among the compared schemes, both in synthetic and real signals (Figs. 3 and 5 ). This scheme exploits the fact that ECG signals do not usually contain any component of cardiac origin at the frequency of 0.5 cpb other than TWA. If baseline wander and other low-frequency artifacts were perfectly removed, the only component projected into the first transformed lead by the pCA transformation would be the alternans. In practice, the signal may still contain residual baseline and noise after preprocessing. In that case, the transformation does not isolate TWA in the first transformed lead, but it still makes TWA stand out over noise, increasing the ANR in that lead. This explains why TWA with an amplitude as low as 5 lV becomes detectable in real signals (Fig. 5) , and can be clearly observed in the last panel of Fig. 6 , where the detection statistic, which represents an indirect measure of the ANR, exceeds the threshold at V alt = 3.5 lV.
Unlike pCA, PCA does not necessarily project the TWA component into the first transformed lead. PCA separates signal components according to their variance; therefore, PCA projects the component with the highest power into the first transformed lead. That component can be the noise if TWA power is lower than noise power. This effect can be observed in the evolution of the GLRT statistic Z with PCA (middle panel in Fig. 6 ). In that example, when TWA is low (V alt = 5 lV), PCA concentrates the noise in the highest transformed leads (T1-T3), removing it from the lowest lead (T8). Therefore, in T8, the ANR rises, the statistic Z passes the detection threshold, and TWA is detected. As V alt increases, TWA and noise power become similar and PCA cannot separate them, so the ANR in the transformed leads does not increase and TWA is not detected. Then, when V alt is high enough, TWA power starts to be higher than noise power, and PCA progressively projects TWA into higher leads, making them detectable first in T2 and finally in T1. This ''positive-negative-positive'' detection pattern was consistently found in real signals with added TWA, and is the cause of the ''valley'' in the P D curve of the multi-PCA scheme (Fig. 5 ). This pattern was not found in the synthetic signals of the first dataset, where three leads do not seem to be rich enough in information for PCA to produce such a clear separation of TWA and noise.
The main benefits of the multi-pCA scheme can also be expected when it is combined with singlelead techniques other than the LLR method. The improvement in the detection power is due to the signal transformation stage, and does not depend on the actual detection technique, so similar detection gains are obtained when the multilead scheme is combined with LLR and SM techniques. 16 Furthermore, the multi-pCA scheme can also simplify the detection rules of existing methods such as SM, which require a complex set of lead-specific conditions to determine the presence of TWA in an ECG. 2 The fact that pCA always projects TWA into the first transformed lead (T1) means that the detection rule needs to be applied only to that lead, making a simpler and more powerful detection scheme.
In addition to a high sensitivity to TWA, an accurate estimation of the TWA amplitude is also an important requisite of the analysis methods, since quantitative evaluation of TWA has been shown to improve risk assessment. 8, 9, 15 Results in section ''Synthetic Signals'' indicate that the multi-pCA scheme improves the accuracy of the amplitude estimation (Fig. 4) . For high V alt levels, the bias of the multi-pCA estimation is slightly higher than the bias of the singlelead estimation due to the truncation carried out in the reconstruction stage-as only a subset of transformed leads is used to reconstruct the signal, the reconstructed TWA lacks the content of the truncated leads, which may still contain a small alternant component. However, the variance of the multi-pCA estimation is lower than the variance of the single-lead estimation, especially at low amplitudes, so the total mean square error is lower than with the single scheme. This effect is also observed in results of section ''Signals from the Physionet TWA Database,'' where the use of the multipCA scheme provides the highest correlation with the correct ranking of records.
Results on stress test signals confirm that the higher sensitivity to TWA of the multi-pCA scheme can also be expected in a real clinical dataset. Furthermore, this improvement allows the differentiation of volunteers and ischemic patients according to TWA episodes, which indicates the potential clinical utility of the proposed method. However, cut-off values of heart rate, amplitude, or duration of TWA to predict cardiovascular events could not be determined in the study population because the follow-up information in terms of arrhythmic events or all-cause mortality was not available.
CONCLUSIONS
The multilead analysis scheme based on pCA is a more robust and sensitive tool for TWA analysis than existing single-lead techniques. Comparison in different scenarios-from synthetic signals to clinical recordsshows that it provides a better detection power than a previously proposed multilead scheme based on PCA, and than the conventional single-lead approach. Furthermore, the proposed scheme provides a method to differentiate between healthy volunteers and patients with ischemic disease according to TWA detections.
